ABSTRACT
INTRODUCTION
The search for the association between complex diseases and single nucleotide polymorphisms (SNPs) has recently received great attention. For these studies, it is essential to use a small subset of informative SNPs accurately representing the rest of the SNPs.
Firstly, informative SNPs can be used for selective SNP typing and computationally inferring all non-typed SNPs thus achieving considerable budget savings. Traditionally, such SNPs are called tags and the selection procedure is referred as haplotype tagging since SNPs are parts of existing chromosomes . The decision which SNPs should be typed (also referred as tag SNPs) and which should be inferred is based on how well non-typed SNPs can be predicted from typed SNPs.
Secondly, informative SNPs can be used for compaction of unphased genotype data. Indeed, recent successes in high throughput genotyping technologies (e.g., Affimetrix Map Arrays) drastically increase the length of available SNP sequences and they should be compacted to be feasible for fine genotype analysis. In this application, the selected informative SNPs are referred as index SNPs (Zhang, Sheng and Uebara, 2004) . In order to avoid information loss, index SNPs are chosen based on how well the other non-index SNPs can be reconstructed.
Human SNPs belong to two near-identical copies of each chromosome (haplotypes). Most experimental techniques for determining SNPs generate for each site an unordered pair of allele readings, one from each haplotype, which is called a genotype. Phasing, or splitting a genotype into two haplotypes is usually inferred computationally (Niu, 2004) . The selection of tag or index SNPs can be done either before or after phasing -MLR-tagging package selects tags before phasing. For both applications (either for tag-or index-SNP selection), the corresponding problem can be formulated as follows: Informative SNP Selection problem (ISSP). Given a sample S of a population P of individuals (either haplotypes or genotypes) on m SNPs, select positions of k (k < m) SNPs such that for any individual, one can predict non-selected SNPs from these k selected SNPs. MLR-tagging software solves the optimization version of ISSP which asks for k informative SNPs minimizing the prediction error measured by the number of incorrectly predicted SNPs. If MLR-tagging is used for tag selection, then the number of tags k depends on genotyping budget. If MLR-tagging is used for indexing, then the number of tags k depends on the desirable data size. Further, for brevity, we refer to selected informative SNPs as tags.
The tags are selected based on the sample population with intention to derive conclusions about the entire population. Statistical analysis may ensure that a high prediction quality of non-tag SNPs is not a coincidence. If certain SNPs are highly correlated (i.e. in linkage disequilibrium) in the sample, then we would expect that this correlation will be observed in the entire population. Therefore, it would be highly desirable that the tags contributing to non-tag SNP prediction will correlate with the predicted SNP. Originally, haplotype tags have been selected based on the squared correlation R 2 between true and predicted SNPs in Chapman et al. (2003) and true and predicted halotype dosage in (Stram et al., 2003) . Since linkage disequilibrium is usually higher for closer SNPs, partition SNPs into blocks based on limited haplotype variability and then select tags in each block separately thus ensuring high correlations between tags and predicted SNPs. Halperin et al. (2005) choose tags for the entire SNP sequence rather than blocks but predict each non-tag SNP based on two closest tags on both sides assuming that these tags will correlate with the predicted SNPs since they may be not far apart. The linear reduction (LR) method (He et al., 2005 ) is based on Gauss-Jordan elimination that is used to predict non-tag SNP by rounding fractional linear combination over tag SNPs.
Here we present an MLR-tagging software package for solving the ISSP on genotypes. It implements a new SNP prediction method based on multiple linear regression analysis. The proposed method directly predicts genotypes without the explicit requirement of haplotypes. There is a significant difference between LR and MLR-tagging methods: (i) LR predicts SNPs by rounding fractional linear combinations while MLR chooses the value that have best fit to the linear regression model; (ii) LR selects tags without taking in account prediction accuracy of the selected tags while MLR-tagging uses the stepwise tag selection iteratively to find the best tag set expansion according to a chosen prediction quality measure.
The current version of MLR-tagging assumes that the data are complete. Before using our application, the missing data should be imputed see Huang et al. (2004) for a relevant approach). We plan to use MLR SNP prediction for computational inference of missing genotype data. Below we give details of the implemented algorithms and results of the experimental studies on various datasets (including 10 regions from HapMap) comparing MLR-tagging with STAMPA (Halperin et al., 2005) and LR (He et al., 2005) .
ALGORITHM AND IMPLEMENTATION
The general purpose of multiple linear regression is to learn the relationship between several independent variables and a response variable. The multiple linear regression model is given by
where y is the response variable (represented by a column with n coordinates (k ≤ n − 1)), x i , i = 1, . . . , k are independent variables (columns), βi, i = 1, . . . , k are regression coefficients, and (a column) is the model error. The regression coefficient β i represents the independent contribution of the independent variable x i to the prediction of y. The MLR method computes b i , i = 1, . . . , k to estimate unknown true coefficients β i , i = 1, . . . , k to minimize the error || || using the least squares method. Geometrically speaking, in the estimation space span(X), which is the linear closure of vectors xi, i = 1, . . . , k, we find the vector Formally, let T be the (n + 1) × k matrix consisting of n + 1 rows corresponding to a tag-restricted genotype x = (x * 1 , . . . , x * k ) and n sample genotypes xi, i = 1, n, from X, gi = {xi,1, . . . , x i,k }, whose k coordinates correspond to k tag SNPs. The SNP s, a nontag SNP, is represented by a (n + 1)-column with known values yi, i = 1, n, for genotypes from X and the unknown value y * for the genotype g which should be predicted. Let d = || || be the least square distance between s and T , i.e., d = |T ·(T t ·T ) −1 ·T t ·s−s|. Our algorithm finds the value (-1, 0 or 1) for y * and selects one minimizing d. Tag Selection. STSA starts with the best tag t 0 , i.e., the SNP minimizing the error when predicting all other SNPs. Then STSA finds tag t 1 which minimizes the prediction error of the tag set (t 0 , t 1 ) as follows. Each non-tag SNP is added to the original tag set, then other SNPs are predicted from the extended set using MLR SNP prediction. The SNP that achieves the highest prediction accuracy will be t1. Best tags are added until reaching the specified size k. 
RESULTS AND DISCUSSION
The following genotype datasets are used to measure the quality of our SNP prediction and informative SNP selection algorithms as well as comparison with the results of Halperin et al. (2005) . We use GERBIL algorithms (Kimmel and Shamir, 2004) for resolving missing data. The SNPs with only one allele are removed from the original data. Seven ENCODE regions from HapMap. Regions ENr123 and ENm010 from 2 population: 45 Han Chinese from Beijing (HCB) and 44 Japanese from Tokyo (JPT) for three regions (ENm013, ENr112, ENr113) from 30 CEPH family trios obtained from HapMap ENCODE Project HapMap (2003) . Two gene regions from HapMap. Two gene regions STEAP and TRPM8 from 30 CEPH family trios were obtained from HapMap. Chromosome 5q31. The data set collected by Daly et al. (2001) was derived from the 616 kilobase region of human Chromosome 5q31 from 129 family trios. We report the prediction accuracy and the squared correlation R 2 between predicted and original non-tag SNP values. The prediction accuracy is measured as the percentage of correctly predicted SNP values on non-tag SNPs. Table 1 reports the prediction accuracy and the average and the minimum correlation R 2 for all non-tag SNPs.
MLR-Tagging
Alternatively, we apply leave-one-out cross-validation to evaluate the quality of the MLR-tagging solution for the Genotype Tagging Problem as follows: (1) one by one, each genotype vector is removed from the sample, (2) tag SNPs are selected using only the remaining genotypes, and (3) the "left out" genotype is reconstructed based on its tag SNPs and the values of tag and non-tag SNPs in the remaining genotypes. In Table 2 , we compare MLR with STAMPA and LR. Note that if one predicts each SNP as 0 (i.e., homozygous with major allele), then the prediction accuracy on STEAP, TRPM8, and 5q31 data will be 79.36%, 72.53%, and 63.57%, respectively. MLR first predicts each SNP as 0 and then gets even higher prediction accuracy when it uses a single tag while STAMPA requires at least two tags for prediction. STAMPA is asymptotically faster but MLR is more accurate compared on 4 HapMap datasets (see Table 3 ).
According to the regression model (1), the tags which are more correlated with the predicted SNP have larger regression coefficients and, therefore, will contribute more to predicting the SNP. For example, for 7 ENCODE regions HapMap (2003) and k = 10 tags, the tag with the largest regression coefficient (≈ 0.82 on average) has an average correlation 0.61 with the predicted SNP, the tag with the second largest regression coefficient has average correlation 0.28 and so on. Averaged over all considered real datasets, the correlation between regression coefficients and tag-to-nontag correlations is 0.96. When MLR-tagging is applied to data containing both highand low-LD regions, the high-LD region always have small number of tags since tags in the low-LD region do not correlate with SNPs in the high-LD region and, therefore, do not contribute to high-LD SNP prediction. For ENm010JRT dataset containing 11 SNPs in the high-LD region and 94 SNPs in the low-LD region, only 2 tags are chosen in the high-LD region out of total k = 59 tags.
In conclusion, we have presented the MLR-tagging software package that can be useful in selecting informative SNPs and reducing the genotyping cost. Table 3 . The comparison of MLR's and STAMPA's prediction accuracy and running time by using the number of tags (2, 5, 10, 15, 20, 25) on region ENr123 (A) and ENm010 (B) from 2 populations: CHB and JPT. Total number of SNPs in each dataset is in the parenthesis. 
